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Abstract: The dimensionless Leaf Area Index (LAI) is widely used to characterize vegetation cover.
With recent remote sensing developments LAI is available for large areas, although not continuous.
However, in practice, continuous spatial-temporal LAI datasets are required for many environmental
models. We investigate the relationship between LAI and climatic variable rainfall and Growing
Degree Days (GDD) on the basis of data of a cold semi-arid region in Southwest Iran. For this purpose,
monthly rainfall and temperature data were collected from ground stations between 2003 and 2015;
LAI data were obtained from MODIS for the same period. The best relationship for predicting
the monthly LAI values was selected from a set of single- and two-variable candidate models
by considering their statistical goodness of fit (correlation coefficients, Nash-Sutcliffe coefficients,
Root Mean Square Error and mean absolute error). Although various forms of linear and nonlinear
relationships were tested, none showed a statistically meaningful relationship between LAI and
rainfall for the study area. However, a two-variable nonlinear function was selected based on an
iterative procedure linking rainfall and GDD to the expected LAI. By taking advantage of map algebra
tools, this relationship can be used to predict missing LAI data for time series simulations. It is also
concluded that the relationship between MODIS LAI and modeled LAI on basis of climatic variables
shows a higher correlation for the wet season than for dry season.
Keywords: LAI estimation; growing degree days; rainfall; remote sensing; Behesht-Abad basin
1. Introduction
With progress in satellite Earth observation, remote sensing (RS) plays a major role in determining
and monitoring the status of vegetation as by the use of Vegetation Indices (VI) [1,2]. VI is a type of
multi-band spectral transformation with two or more reflective bands. These indices are designed to
enhance the contribution of vegetation properties by providing more reliable spatial data about canopy
structural variations and spatial-temporal inter-comparisons of terrestrial photosynthetic activities [3].
For instance, VI can be used to quantify vegetation cover, vigor and density [4–7].
From a practical perspective, one of the most important biophysical variables is Leaf Area Index (LAI).
LAI represents the amount of one-sided leaf tissue per unit area of underlying ground surface [8–12].
LAI controls many physical and biological processes associated with plant, water, soil and energy
fluxes [13]. It affects the soil-water balance via its control on the interception and transpiration [13–15] and
therefore plays a critical role in natural systems and their ecophysiological, hydrological, ecological and
meteorological processes [16,17].
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In general, there are two main groups of LAI measurements: classical and modern methods.
Classical methods involve direct and indirect measurements [18]; direct methods require an effort in
collecting an optimal sample size, which involves destructive harvest techniques [18]. Indirect methods
allow the inference of LAI from observations of another variable [18], different types of indirect
methods are listed in Table 1. Modern methods employ mainly new technologies such as remote
sensing to come up with different LAI products (Table 1).
Table 1. Summary of types of LAI measurement methods.
















• the neural network
• the lookup table [20]







Measuring the spatial and temporal variation of LAI is difficult [22]; however, this surface
parameter can be derived using satellite optical imagery [16,22]. For large scale applications LAI
products can e.g. be obtained from the Moderate Resolution Imaging Spectrometer (MODIS) with a
global coverage. MODIS is a sun-synchronous orbit sensor residing aboard the Terra and Aqua remote
sensing platforms, providing a view of the Earth’s surface for every 1 to 2 days. The MODIS sensor is a
multi-band sensor that collects remotely sensed data within 36 spectral bands, ranging in wavelengths
from 0.4 µm to 14.4 µm. Its imagery products provide a series of bands with a nominal resolution
of 250 m at nadir for two bands, 500 m resolution (5 bands), and 1 km for the rest of 29 bands [23].
Due to good validation and continuous updating, MODIS products are widely used for environmental
modeling. Meanwhile, MODIS LAI product has received much attention for its long-term observation
of land dynamics. Despite their significant temporal and spatial coverage, these satellite images are
affected by cloud contamination or other atmospheric processes such as the influence of aerosols,
which raises issues regarding the spatial-temporal continuity of the LAI data [24–28]. These data gaps
limit the application of RS products for continuous modeling; a new method of data assimilation based
on climatic variables could potentially resolve this issue. Hence, the goal of this study is to improve on
the RS LAI data limitations by examining the predictive relationship between the climatic variables
Growing Degree Days (GDD) and rainfall with LAI.
As an environmental factor, the effect of temperature on plant growth can be described by a
thermal time concept. Since 1730 when Reaumur introduced the concept of heat units, or thermal
time, many methods of calculating heat units have been used successfully in agricultural and natural
resources sciences [29]. Particularly in the areas of crop phenology and development, the concept
of heat units, measured in GDD, has vastly improved description and prediction of phenological
events compared to other approaches such as time of year or number of days e.g., [30,31]. The heuristic
indicator of GDD is calculated by summing up the positive daily differences between mean temperature
and a baseline temperature [32,33]. GDD is a measurement unit that combines temperature and time
such that the development duration of an organism’s life cycle, or any stage or portion of the life cycle,
decreases as the temperature increases [34] and describe the timing of biological processes [29,35].
Generally, GDD is used to include the temperature effects on the plant and describe the timing of
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biological processes; it varies with growth stage [29,35]. It is the simplest model to account for the
temperature effect on vegetative and reproductive development and has therefore some limitations for
extreme high temperatures [36]. It allows for a rough estimation of the time at which a given growth
phase is going to occur for a particular location [37].
Normalized Difference Vegetation Index (NDVI) is a RS indicator that is associated with LAI.
Many studies present a correlation between rainfall and NDVI for different parts of the world [38–40].
Although a number of researchers such as [41] have indicated that no significant correlation could be
established between rainfall and NDVI, Wang, Q. et al. [42] reported strong linear relationships during
the leaf production and leaf senescence periods, but the relationship was found to be poor during
periods of maximum LAI, due to the saturation of NDVI above certain LAI values.
So far, no study investigated the combined relationship among LAI, GDD and rainfall.
This research is designed to establish a spatial-temporal LAI model based on the relationship between
LAI, GDD and rainfall at the basin scale. The general objective of the study is to reduce embedded
uncertainty in RS-based LAI data assimilation. Additionally, we construct a spatial mathematical
relationship between LAI and rainfall/GDD, while also the temporal variation of the variables in the
study area is investigated.
2. Materials and Methods
2.1. Study Area
The relationship between LAI and rainfall/GDD was investigated with example data from the
Behesht-Abad Basin, which is the largest basin in Chaharmahal and Bakhtiari province, southwestern
Iran (Figure 1). The basin drains an area of about 3860 km2 to the Great Karoun drainage system,
the largest river in the country. Topographically, Behesht-Abad Basin is located within the Zagros
Mountains. The basin’s elevation ranges from 1660 m up to 3620 m. It is characterized by a cold
semi-arid climate and its temperature varies between 8.5 and 13.0 ◦C. The Behesht-Abad Basin receives
an average annual rainfall of 322 mm [43].
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2.2. Data
In order to establish a model for simulating spatial-temporal LAI variability at basin scale,
this study utilizes ground station monthly rainfall data, monthly Tmax and Tmin and remotely sensed
LAI. The analysis is performed for 13 years from 2003 to 2015.
2.2.1. LAI Data
Currently the standard MODIS LAI products are provided at 500 m spatial resolution.
These products include LAI retrievals from Terra MODIS, Aqua MODIS and combined Terra-Aqua
MODIS sensors. The temporal compositing periods of provided data are 8 and 4 days [44]. There are
various versions of MODIS products, but in this study we used MODIS collection 6 (MOD15A2H),
which is an 8-day composite data set with 500 m pixel size. MOD15A2H and MOD15A2 are similar
products in every aspect except for their spatial resolution, which is 500 m and 1000 m respectively.
The data is based on an algorithm that chooses the best pixel available from all the acquisitions of the
Terra sensor over an 8-day period. The archive of satellite data covers the time period from 2001 to
present. LAI maps over the Behesht-Abad Basin were derived from the http://earthexplorer.usgs.gov/
web-site. The temporal resolutions of the images were up-scaled to a monthly time scale in order to
match with rainfall and temperature data. Annual LAI maps for each year (2003 to 2015) were obtained
through averaging, by aggregating monthly values.
The MODIS LAI values range between 0 and 255. Any pixel with a value more than 249 was set to
“NO DATA” (Table 2), as there was no inland fresh water, sparse vegetation (rock, tundra, and desert),
perennial snow, permanent wetlands or inundated marshlands in the study area. The spatial average
of LAI for each month was determined. A simple bias correction based on monthly long-term factors
was used so that LAI values follow the annual pattern of evapotranspiration calculated from OPTIWAT
software [45] in the study area.
Table 2. LAI Fill value legend [44].
Value Description
255 Filled value (when no reflectance or land cover value)
254 perennial salt or inland fresh water
253 barren, sparse vegetation (rock, tundra, desert)
252 perennial snow, ice
251 permanent wetlands/inundated marshlands
250 urban/built−up
249 unclassified or not able to determine
2.2.2. Rainfall Data
Monthly rainfall data for the period 2003–2015 was collected from five rain gauges in the
Behesht-Abad Basin including Broojen, Kohrang, Lordegan, Saman and Shahrekord stations (Figure 1).
Time series maps of monthly rainfall were obtained by Kriging and Weighted Least Square (WLS)
interpolation methods. The monthly rainfall maps have a 500 m cell resolution and are geo-referenced
with the LAI time series. Also the spatial average rainfall for each month was calculated.
2.2.3. Temperature Data
Mean monthly minimum and maximum temperature data is required for evaluating the Growing
Degree Days (GDD) values. Recorded temperature for the same period as LAI and rainfall was
collected from 5 ground stations in the Behesht-Abad Basin including Broojen, Farsan, Farrokhshar,
Saman and Boldaji stations (Figure 1). GDD is defined as the daily difference between the average
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Tmax is daily maximum air temperature, Tmin is daily minimum air temperature. Tbase is the
temperature below which the process of interest does not progress [29] and can vary based on species
and there are several methods to estimate it. Because a temperature above 0 ◦C is considered the
vegetation activation temperature; in this study Tbase was assumed 0.4 ◦C.
Equation (1) assumes daily temperature data, here however we calculated GDD on basis of
monthly Tmax, Tmin and Tbase [36]. The assumption is that the mean monthly GDD on basis of monthly
data is approximately equal to mean monthly GDD on basis of daily data. We tested this hypothesis
from 2003 until 2015 and show that both monthly GDD estimates are in good agreement (Figure 2).
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2.3. Method
We tested various relationships between LAI-rainfall, LAI-GDD and LAI-rainfall-GDD by curve
fitting; the fitted relationships are shown in Table 3.
Table 3. The tested relationships between LAI, rainfall (P) and GDD, a, b, c and d are parameters.
Model Equation
LAI and Rainfall (X = Rainfall) LAI and GDD (X = GDD)
a b c d R2 a b c d R2
MMF LAI = ab+cX
d
b+Xd
1.31 2783.99 0.85 2.40 0.67 0.32 3.8 1.63 0.94 0.91
Exponential LAI = a(b− exp ( cX)) 0.88 2.46 0 0.65 1.04 1.25 0.2 0.88
Linear LAI = bX + a 1.31 −0.01 0.65 0.74 0.03 0.91
Quadratic LAI = a + bX + cP2 1.33 0 0 0.66 0.46 0.11 0 0.91
Rational LAI = a+bX1+cX+dX2 1.32 0 0.01 0 0.67 0.37 0.25 0.11 0 0.91
Harris LAI = 1(a+bXc) 0.75 0 0.88 0.67 3.37 −2.14 0.07 0.84
In order to better understand the relationship between LAI and rainfall a correlation analysis
with Reconnaissance Drought Index (RDI) was performed. RDI is a relatively new index used for
drought characterization based on a balance between precipitation and potential evapotranspiration
(Thornthwaite method) [46]. Due to integ ation of both precipitation evapotranspiration, the index
is considered to be an influential indicator for drought assessment [47]. Thr e versions of RDI are
easy and simple to calculate if monthly precipitation and PET are available: Initial RDI (RDI0),
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normalized RDI (RDIn) and standardized RDI (RDIst). Initial RDI may be calculated for each month,
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where Pij and PETij respectively are the precipitation and potential evapotranspiration of the j month
of the i-th hydrological year. In the study region the hydrological year runs from October to September.
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where yk is the ln(RDI0), yk is the arithmetic mean of all yk, and σ̂yk is its standard deviation.
2.4. Model Performance
Four evaluation metrics, Nash-Sutcliffe Coefficient (NS) (Equation (5)), coefficient of determination
(R2) (Equation (6)), Root Mean Square Error (RMSE) (Equation (7)) and mean absolute error (MAE)
(Equation (8)) were used to quantify how well the fitted model can predict the LAI values based on
climatic variables. By definition a NS value of 1 indicates a perfect fit between observed and modeled
LAI values. In cases that there is no relationship between the simulated and remotely sensed LAI
values then the NS coefficient is close to or less than 0. R2 ranges from 0 to 1 with higher values
indicating better agreement [23,48]. An R2 of 1 indicates that the estimated LAI perfectly correlates
with the LAI data. RMSE and MAE range from 0 to +∞ with closer to zero indicating better agreement.





























|Oi − Si| (8)
where Oi is observed values, Si is the predicted value and Oi is the mean of the observations.
3. Results and Discussion
3.1. Relationship between LAI, GDD and Rainfall
In this study, to obtain a general relationship between LAI, rainfall and GDD, several empirical
relationships were evaluated (Table 2). Long-term continuous linear regression analysis was carried
out for the entire Behesht-Abad Basin on basis of the 13 years of available time series of rainfall,
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GDD and LAI (Figure 3) [28]. The range for GDD was between 0 and 26 degrees, while for rainfall the
range was very wide, between 0 and 186 mm. Visual interpretation of Figure 3 also shows that from
2003 until 2015 both LAI and GDD indicate a matching trend over time, especially during wet months.
The relationship between rainfall and GDD was reversed compared to LAI-GDD. When GDD starts to
increase from early April to early October, rainfall shows minimum value.
A minimum rainfall (0 mm) was reported for August (2003, 2006, 2007, 2008, 2011 and 2013) and
September (2003, 2005, 2007, 2011, 2012, 2013 and 2014) while the rainfall in July and June is relatively
low (Figure 3A). The highest recorded monthly rainfall was 186 mm for April 2004 (the average
rainfall from 2003 to 2015 is 26.83 mm). Many researchers [30,41,49–51] have found a strong correlation
between LAI and rainfall. However, here seasonal variation of rainfall demonstrates a substantially
different seasonal pattern than LAI. Hence, despite testing six different relationships between LAI and
rainfall (Table 2), all relationships demonstrated low R2 values.
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The strong seasonal variation of GDD values shows an approximate similarity with the LAI
values as it was expected. In response to environmental variables, LAI increases at the beginning of the
year until mid-May after which it decreases until it reaches a minimum value in December (Figure 3D).
This seasonal pattern is observed during the whole study period. The highest LAI value in the study
area was 1.77 and the lowest value 0.005; the average LAI from 2003 to 2015 was 0.94. GDD factor
increase at beginning of the year until it reaches to a maximum during mid-July, and then it starts to
decrease until the end of December (Figure 3C). The highest GDD value for the region was 26.75 and
the lowest value 0; the average GDD from 2003 to 2015 was 13.09.
GDD values are consistent with LAI for the period 2003 till 2015 in the study area (Figure 3C,D).
On the one hand the basin is characterized by cold weather on other hand plant growth is strongly
dependent on temperature during the growing season with each species having specific temperature
requirements. Both rainfall and GDD have a contribution in temporal and spatial variability of LAI.
The LAI increases with the rainfall and GDD, thus models based on GDD and rainfall (Table 3)









where P is the spatially interpolated (Kriging or WLS) rainfall, a, b, c and d are model parameters
to be estimated via calibration. To determine the effect of rainfall and GDD on the simulated LAI,
a sensitivity analysis was performed (Figure 4). It showed that GDD has a greater impact on the
simulated LAI than rainfall.
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Model calibration and validation are both critical steps in any model application. For this purpose,
MODIS LAI and simulated LAI time series are split into two separate periods [52]. 70% from 2003 to
2011 is used for model calibration and the rest (from 2011 to 2015) for validation. The results of model
calibration are shown in Table 4.
T l . es lts f cali r ti li ti .
Method/Parameter a b c d
Calibration Validation
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Kriging 1.4 0.04 19 310 0.82 0.80 0.16 0.13 0.64 0.51 0.21 0.17
WLS 1.25 0.08 16 225 0.65 0.56 0.25 0.20 0.54 0.35 0.24 0.20
The models of Equations (9) and (10) showed respectively a performance for the calibration of
R2 = 0.82 and 0.65, NS = 0.80 and 0.56, RMSE = 0.16 and 0.25, MAE = 0.13 and 0.20, while the validation
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values are respectively R2 = 0.64 and 0.54, NS = 0.51 and 0.31, RMSE = 0.21 and 0.24, MAE = 0.17 and
0.20 (Figure 5). These results indicated for Equations (9) and (10) respectively a good and satisfactory
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on Equation (9) model; (B) Results based on Equation (10) model.  
The time series of the simulated LAI and MODIS LAI are presented in Figure 5. It shows except 
for some moments (black circles in Figure 5) that both time series follow a very similar pattern. To 
some extent the mismatch between simulated and MODIS LAI may be related to the resolution of 
the MODIS images. 
The method of interpolation of the rainfall has an impact on the model performance. Figure 6 
shows that the R2, NS, RMSE and MAE coefficient between MODIS LAI and LAI model with Kriging 
interpolation of the rainfall is respectively 0.77 (with 95% confidence level), 0.74, 0.18 and 0.14, while 
for the LAI model with WLS interpolation of rainfall the equivalent performance values are 0.62 
(with 95% confidence level), 0.51, 0.25 and 0.20. These performance results confirm that the 
simulated LAI on basis of a combination GDD and rainfall data simulate well the MODIS LAI. 
Figure 6 shows that model has a relatively low accuracy in estimating LAI in low range and 
conversely. The models overestimate in the 0.6 to 0.8 range and underestimate in the 1.4 to 1.6 range.  
Also, the relationship between MODIS LAI and monthly simulated LAI was evaluated with R2, 
NS, RMSE and MAE criteria (Table 5). In both methods (Kriging and WLS) the highest R2 values 
were obtained for December, January and February (last month of the fall and two months in winter 
time) and lowest value in July, August, September and November (during summer months). During 
December till February the maximum value of rainfall and the minimum value of GDD within the 
region occur (Figure 2), while during July till September the minimum value of rainfall and the 
maximum value of GDD occur. The highest RMSE values were obtained in January, October and 
December with kriging method and during summer months with WLS method. Similar results were 
obtained for MAE. The highest RMSE and MAE values indicate that model performance is low in the 
summer months.  
















































































Figure 5. Calibration and validation of MODIS LAI and simulated LAI time series, (A) Results based
on Equation (9) model; (B) Results based on Equation (10) model.
The time series of the simulated LAI and MODIS LAI are presented in Figure 6. It shows except for
some moments (black circles in Figure 6) that both time series follow a very similar pattern. To some
extent the mismatch between simulated and MODIS LAI may be related to the resolution of the
MODIS images.
The method of interpolation of the rainfall has an impact on the model performance.
Figure 7 shows that the R2, NS, RMSE and MAE coefficient between MODIS LAI and LAI model
with Kriging interpolation of the rainfall is respectively 0.77 (with 95% confidence level), 0.74, 0.18
and 0.14, while for the LAI model with WLS interpolation of rainfall the equivalent performance
values are 0.62 (with 95% confidence level), 0.51, 0.25 and 0.20. These performance results confirm
that the simulated LAI on basis of a combination GDD and rainfall data simulate well the MODIS LAI.
Figure 7 shows that model has a relatively low accuracy in estimating LAI in low range and conversely.
The models overestimate in the 0.6 to 0.8 range and underestimate in the 1.4 to 1.6 range.
Also, the relationship between MODIS LAI and monthly simulated LAI was evaluated with
R2, NS, RMSE and MAE criteria (Table 5). In both methods (Kriging and WLS) the highest R2
values were obtained for December, January and February (last month of the fall and two months in
winter time) and lowest value in July, August, September and November (during summer months).
During December till February the maximum value of rainfall and the minimum value of GDD within
the region occur (Figure 3), while during July till September the minimum value of rainfall and the
maximum value of GDD occur. The highest RMSE values were obtained in January, October and
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December with kriging method and during summer months with WLS method. Similar results were
obtained for MAE. The highest RMSE and MAE values indicate that model performance is low in the




Figure 6. Time series of the spatially-averaged MODIS LAI vs. simulated LAI, (A) LAI model 
Equation (9) with rainfall interpolated with Kriging; (B) LAI model Equation (10) with rainfall 
interpolated with WLS. 
Figure 7. The scatter plots of spatially-averaged MODIS LAI vs. (A) LAI_Model with Kriging 










































Figure 6. Time series of the spatially-averaged ODIS LAI vs. simulated LAI, (A) LAI model
Equation (9) with rainfall interpolated with Kriging; (B) LAI model Equation (10) with rainfall
interpolated with WLS.
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Figure 7. The scat er plots of spatially-averaged MODIS LAI vs. (A) LAI_Model with Kriging
interpolation of Rainfall; (B) LAI_Model with WLS interpolation of Rainfall.
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Table 5. Monthly R2, NS, RMSE and MAE values for the years 2003 till 2015 for simulated LAI
(top: Equation (9), bottom: Equation (10)) vs. MODIS LAI.
Kriging
Month R2 NS RMSE MAE Month R2 NS RMSE MAE
January 0.74 0.50 0.28 0.24 July 0.02 −4.62 0.13 0.08
February 0.68 0.48 0.17 0.15 August 0.03 −8.52 0.16 0.13
March 0.44 0.42 0.11 0.09 September 0.04 −7.32 0.15 0.13
April 0.08 −0.04 0.20 0.17 October 0.43 −16.33 0.24 0.21
May 0.30 −0.62 0.19 0.16 November 0.03 −2.14 0.10 0.08
June 0.68 0.34 0.08 0.06 December 0.84 0.20 0.24 0.22
WLS
Month R2 NS RMSE MAE Month R2 NS RMSE MAE
January 0.72 0.57 0.26 0.22 July 0.01 −44.88 0.39 0.36
February 0.64 0.60 0.15 0.14 August 0.05 −76.85 0.46 0.43
March 0.42 −0.04 0.15 0.13 September 0.04 −21.96 0.26 0.21
April 0.08 −0.12 0.21 0.17 October 0.51 −18.36 0.25 0.20
May 0.41 0.09 0.14 0.11 November 0.006 −2.35 0.11 0.09
June 0.57 −0.89 0.14 0.12 December 0.81 0.42 0.20 0.18
3.2. Annual Analysis
Annual and seasonal changes in LAI values, in response to change in GDD and rainfall are clearly
noticed in Figures 6 and 7. The temporal charts at monthly scale (Figure 8) show a large variability in
LAI, GDD and rainfall over the study period. Maximum LAI values are observed in May, while the
maximum GDD values are observed in July. On the other hand, the wet months with a peak in rainfall
are March, April and November. Generally, values of LAI were very low in January, February and
December. Lowest GDD values occur in January, February and December, while lowest rainfall occurs
in June, July, August and September. A concurrency in the minimum values of both LAI and GDD
during the months of in January, February and December is noticed. Figure 8 shows that approximately
with two or three months delay, LAI values for this basin responds to rainfall. That means for each
month that rainfall is high, an increased LAI can be seen after two or three months. However, the range
of monthly changes during 2003 to 2015 for LAI was only between 0.005 and 1.77.
The RDI index was calculated (Figure 9a) and lag time effects on the relationship between drought
conditions and LAI are presented in Table 6. Figure 9b shows that the impact of drought on LAI
appears after a 3-month delay (R2 = 0.51).
Table 6. Correlation coefficients between LAI and RDI after applying a lag time.
Lag Time R2 Lag Time R2
0 0.24 12 0
3 0.51 18 0.17
6 0.27 24 0
9 0 48 0
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Figure 9. (a) RDI and LAI values for Behesht-Abad Basin (2003 to 2015), (b) Correlation coefficient
between LAI and RDI with a 3-month lag time.
4. Conclusions
Considering that climate change is happening, it is important to understand how vegetation
responds to changing environmental factors. In this paper, we analyzed the response of LAI to
climatic variables at basin scale. A spatial-temporal data set comprising thirteen years of monthly LAI,
rainfall and GDD for a cold semi-arid area has been analyzed for this purpose. Results indicate that
LAI development is mainly affected by GDD and 3 months of delayed rainfall. The main conclusions
of this research are:
(1) Despite testing six different relationships between LAI and rainfall at basin scale, none of the
relationships were successful for this study area. Similarly, the seven tested functions between
LAI and GDD failed to provide an acceptable fit.
(2) The relationship between a combination of GDD and rainfall with LAI shows a high model
efficiency for both calibration and validation stages.
(3) The form of the fitted model indicates that the relationship between LAI and rainfall/GDD
is non-linear.
(4) The relationship between MODIS LAI and simulated LAI on basis of climatic variables
(rainfall and GDD) shows a higher correlation in months with no water stress.
RS-based LAI maps are generally available but they are conditioned by several technical and
environmental factors. This results in missing LAI values in the time series, which limits hydrological
modeling with continuous time series of LAI maps. This study provides a framework for producing
consistent estimates of LAI values based on routine climatic variables to fill the missing values.
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